A novel weighted ℓ 2,1 minimisation algorithm for a high range resolution profile with stepped frequency radar is proposed. The raw stepped frequency pulse train is converted into jointly sparse multiple measurement vectors by using the sliding window technique. Then, by using the Capon cepstrum a support-related weighting matrix is designed to control the priority class of bases in the reconstruction process so that the bases whose indices are inside the support are likely selected. Simulations and experiments on real radar data show that targets can be well separated and spurious peaks can be expelled from the range profile.
Introduction: Recent researches on stepped frequency radar imaging show that the sparse reconstruction can achieve a high range resolution profile (HRRP) with fewer pulses [1, 2] . In [1] the regular ℓ 1 norm minimisation is used to recover the sparse solution. However, the sparseness of the solution may be damaged, because the amplitude-dependent structural characteristics of the regular ℓ 1 norm attenuates the nature of the literal ℓ 0 norm sparsity count [3] . As a result, the distortion may appear in the sparse range profile. An effective way to conquer the disadvantage of the regular ℓ 1 minimisation is designing a support-related weighting matrix to control the priority class of bases in the reconstruction process. Needell [4] has provided some rigorous theoretical results to prove the effectiveness of the weighted ℓ 1 minimisation methodology.
The authors of [1] utilise the sparse reconstruction to obtain a HRRP without adapting the raw stepped frequency pulse train in any way. Here, we reorganise the raw stepped frequency pulse train to generate multiple measurement vectors (MMVs) by using the sliding window technique. The reorganisation constructs a jointly sparse signal that has the same sparse profile on the row dimension. The solution of the jointly sparse signal can be regarded as a coherent averaging result, which enforces the common sparse constraint across the row dimension of the solution. Thus, spurious peaks are more likely suppressed in comparison with the original single measurement vector (SMV) case [5] .
In [2] we extended the weighted ℓ 1 minimisation to the MMV scenario and presented the subspace weighted (SW) ℓ 2,1 minimisation algorithm to improve the performance of the stepped frequency radar imaging. However, the SW ℓ 2,1 minimisation algorithm needs the information about the number of sources, which will cause performance degradation if the information about the number of sources is not precisely known [2] . In this Letter, we propose a new weighted ℓ 2,1 minimisation algorithm, where a support-related weighting matrix is created without the prior information about the number of sources by using the Capon cepstrum as a weighting matrix. Because coefficients of the weighting matrix are approximately inversely proportional to the true signal amplitude, the proposed weighted ℓ 2,1 minimisation algorithm grants a privilege to those bases corresponding to the smaller weights and expels those bases corresponding to the larger weights from the solution. As a result, the proposed weighted ℓ 2,1 minimisation algorithm can well separate targets and eliminate spurious peaks in the range profile.
Signal model: The stepped-frequency radar pulse train reflected from a stationary target can be written in matrix-vector notation as [1] :
where y = [y(0), y(1), · · · , y(N − 1)] T , y(n) denotes the return signal of the nth pulse, n = 0, 1, · · · , N − 1, N denotes the length of the pulse train, [F] n,i = exp{−j 4pRi c ( f 0 + nDf )}, i = 1, · · · , P, P is the number of scatterers, R i is the distance between the ith scatterer and the radar, c is the speed of the light, f 0 is the initial frequency, Df is the frequency step size, [s] i is the complex scattering intensity of the ith scatterer, and
T is the additive noise vector. Using the sliding window technique, the original signal y can be expressed with a MMV form:
, where M is the sliding window size, N 2 M + 1 is the number of snapshots,
T , and l = 0, 1, · · · , N − M . Namely, the raw return signal y is split into N 2 M + 1 subsequences, which is conducive to accomplish stable estimates of the range profile by averaging the results obtained from each subsequence.
Providing the target space is sparse and its range space is sampled with K range points, we can utilise the sparse representation framework to represent Y with the following form
denotes the MMV form of the additive noise matrix.
Weighted ℓ 2,1 minimisation: The key of the weighted ℓ 2,1 minimisation algorithm is to design a support-related weighting matrix whose diagonal elements are inversely proportional to the amplitude spectrum (i.e. proportional to the cepstrum). The support of the jointly sparse signal is defined as
1/2 . The outputted power of the Capon filter at the given basis a k can be express as [6] p(a k ) = (a
where the sample correlation matrixR
Generally speaking, the Capon method has lower resolution in contrast to the sparse reconstruction approach [2] , but it reveals those bases representing the signal. So we can employ the Capon cepstrum to design a support-related weighting matrix. Here, we define the weight on the kth element of the signal as
and the weighting matrix W as,
Combining the proposed weighted scheme and the ℓ 2,1 minimisation, the sparse reconstruction can be achieved by a weighted ℓ 2,1 minimisation:
F is a regularisation parameter that can be determined by a x 2 distribution with a given confidence interval [3] (in the context, the 99% confidence interval is utilised), · F denotes the Frobenius norm. The retrieved range profile x w can be obtained by averaging the solution of (7), denoted by X w , where
Remark: From (4) we can see that larger weights are appointed to those elements whose indices are more likely to be outside of the support. Note that a larger weight on the element of the minimised objective function (see (6) ) means that the priority class of the corresponding position in the reconstruction process is lower. Namely the reconstruction will prefer selecting those bases whose indices are more likely to be inside of the support to represent the signal.
Examples: Here we first utilise the simulated range profile of an aircraft (see Fig. 1 ) to illustrate the performance of the proposed algorithm. The frequency step size Df is 16 MHz, and N ¼ 32 pluses are transmitted to generate the total bandwidth N Df = 512 MHz. The amplitude of the signal s [ C K×1 is normalised and the variance of the white Gaussian noise w is defined as s 2 = 10 −SNR/10 s 2 F , where K = 128 and SNR denotes the signal-to-noise ratio in dB. To show the quality of the reconstruction, the distance between the two highest peaks of the solution x w is compared with the counterpart in s. As shown in Fig. 2 , in contrast with the regular ℓ 1 minimisation [1] and the weighted ℓ 1 minimisation [3] that directly utilise the raw stepped frequency pulse train, the proposed weighted ℓ 2,1 minimisation has smaller distance error. The reasons are that, (a) the latter enforces the sparse constraint under the MMV framework that can improve the ability to find the true solution [5] , and (b) the proposed weighted scheme can effectively differentiate between bases inside and outside the support [4] . In addition, it is noted that the range profile s is an approximate sparse signal and its model order (i.e. the number of sources) is not precisely known, which incurs the performance degradation for the SW ℓ 2,1 minimisation [2] .
Unlike the SW ℓ 2,1 minimisation, the proposed weighted ℓ 2,1 minimisation avoids the dilemma of the model order. 
Fig. 2 Distance error against SNR
The sliding window size is fixed to N/2; the distance between two highest peaks in Fig. 1 is considered; each point is the average of 1000 Monte-Carlo trials
To demonstrate further the performance of the proposed algorithm, we use real data collected from a stepped frequency radar system operating at Ka-band. The frequency step size Df is 8 MHz, and 64 pulses are collected. In the observed scene two corner reflectors separated by 0.4 m are fixed on a straight road and they are collinear with radar. The range space [0, R u ] is uniformly sampled with 1024 points, where R u = c/(2Df ) is the maximum unambiguous range. As can be seen from Fig. 3 , the SW ℓ 2,1 minimisation algorithm [2] and the proposed weighted ℓ 2,1 minimisation algorithm not only obtain sharp peaks but also can effectively suppress spurious peaks. In contrast, some spurious peaks survive in the range profile retrieved from the regular ℓ 1 minimisation [1] and the weighted ℓ 1 minimisation [3] . In addition, distance estimates between two corner reflectors are displayed in Table 1 , which shows the accuracy of the proposed weighted ℓ 2,1 minimisation is better than that of others. Conclusion: By using the Capon filter, a weighted ℓ 2,1 minimisation algorithm is proposed to improve the performance of the stepped frequency radar imaging. The raw stepped frequency pulse train is converted into the MMV form so that we can obtain stable estimates of the range profile by the coherent averaging. The Capon cepstrum is exploited to design a support-related weighting matrix that expels those elements whose indices are more likely to be outside of the support from the solution. Simulations and experiments on real data show that the proposed algorithm can effectively mitigate the distortion in the range profile without the prior knowledge of source number.
